Introduction {#Sec1}
============

Flooding is one of the most frequent and damaging natural hazards globally, with numerous societal and economic effects. Between 2000 and 2018, meteorological and hydrological events accounted for 81.6% of all natural disasters, 78.0% of their losses and 27.9% of their fatalities^[@CR1]^. The vulnerability of a population to adverse effects of a flood depends on natural conditions, as well as on the level of socioeconomic development---effects of natural hazards are more significant in relatively poor regions^[@CR2]^. However, a recent report from the US National Academy of Sciences recognizes that urban flooding is a growing threat to even relatively wealthy municipalities in the United States, with higher risk to populations with less protection from insurance or the social safety net^[@CR3]^. On the global scale, inhabitants of coastal cities in tropical regions are most vulnerable to flood damages, due to a combination of factors, both socioeconomic and natural^[@CR4]^. Climate change is expected to make these conditions even worse^[@CR5]--[@CR7]^.

The Maritime Continent is an archipelago positioned within the Indo-Pacific warm pool and characterized by the largest average global precipitation, for which it has been referred to as the \"boiler box" of the Earth^[@CR8],[@CR9]^. The Indonesian (much of the Maritime Continent lies within the Republic of Indonesia) National Agency for Disaster Countermeasure (Badan Nasional Penanggulangan Bencana, BNPB) estimated that in 2017, floods accounted for more than 34% of all natural disasters nation-wide. While earthquakes and tsunamis are the most deadly Indonesian disasters, floods affected the lives of almost 14 million of Indonesian citizens between 1974 and 2013^[@CR10]^, with a fatality rate from hydrological events exceeding 25 persons per 1M population^[@CR1]^.

The island of Sumatra is a northwest to southeast orientated land mass that straddles the equator on the western flank of the Maritime Continent adjacent to the Eastern Indian Ocean. Natural disasters in Sumatra threaten the livelihood of its over 50 million inhabitants. According to the BNPB, in one year alone (2017), 425,980 people were affected by floods. That year, flooding was responsible for about 50% of all natural disasters on the island, a percentage significantly higher than for all of Indonesia. It has been estimated that between 2010 and 2017, 87% of all natural disasters on Sumatra were weather-related^[@CR11]^. While there are a number of other factors impacting the severity of a flood, including land use, human settlement patterns and catchments, precipitation intensity and accumulation are the most important and influence or interact with the other causes of flooding^[@CR12]^. A typical 5-day precipitation accumulation over the island and its surroundings exceeds 30--50 mm (Fig. [1a](#Fig1){ref-type="fig"}). Therefore, understanding and predicting the variability of atmospheric circulation leading to convection and enhanced rainfall in such an extreme environment could help mitigate some of the adverse societal effects.Fig. 1Environmental conditions and flood data availability in Sumatra.Map of Sumatra with division into provinces. The two most northern provinces (Aceh and North Sumatra) are additionally divided at the mountain range into a northern and southern part. **a** Average 5-day precipitation accumulation \[mm\] based on TRMM satellite-derived estimates. **b** Sumatra\'s topography \[m\]. **c** The spatial distribution of flood data sources from the Papers (squares) and Twitter (circles) in all of Sumatra\'s provinces between 2014 and 2018. Size of a circle represents the number of records at individual location. Each color shows one province.

Precipitation within the Maritime Continent is driven by a very strong diurnal cycle of local convection^[@CR13]--[@CR15]^ and its variability in response to large scale modes such as the Madden Julian Oscillation (MJO) and equatorially-trapped waves such as convectively coupled Kelvin waves (CCKWs). The MJO is a repetitive large scale phenomenon extending over several thousand kilometers, which usually originates over the central Indian Ocean with intraseasonal (30--90 days) periodicity. While the MJO is a "convective envelope" that propagates eastward with a speed of about 5 m/s^[@CR16]^, it can contain other convective disturbances, which can propagate either eastward (Kelvin waves) or westward (Rossby waves)^[@CR17],[@CR18]^. CCKWs are also large scale phenomena but propagate much faster, with a speed of about 12 m/s, either within the MJO convective envelope or as separate modes^[@CR19]--[@CR21]^. CCKWs affect rainfall over the Maritime Continent through a coherent structure of anomalous precipitation with rates exceeding 10 mm/day^[@CR22],[@CR23]^. Other significant modes responsible for enhancement of precipitation over the region include Boreal Summer Intraseasonal Oscillation during summer^[@CR24]^ and the cold surges in the South China Sea in winter, especially when combined with the active phase of the MJO in the Indian Ocean^[@CR25]^. The island of Sumatra, because of its orientation across the equator, is strongly impacted by tropical wave activity, especially eastward propagating modes (MJO and CCKW). These modes serve as a forcing mechanism for atmospheric convection and precipitation^[@CR15],[@CR22]^, which can lead to floods^[@CR26]^. Precipitation over Sumatra has a multi-scale character, with contributions from intraseasonal variability, convective super clusters, and diurnally forced orographic cloud systems^[@CR23],[@CR27]^. It is worth noting, for example, that CCKWs have been recognized as one of the dominant factors influencing precipitation in other areas of the world, such as equatorial Africa^[@CR28],[@CR29]^. We have also recently shown, through analysis of satellite precipitation data, that CCKWs have a direct impact on precipitation and diurnally forced convection over the Maritime Continent^[@CR22]^. Therefore, CCKWs may be critical for flood prediction over Sumatra, and possibly for all of Indonesia as well.

The direct linkage between these large-scale equatorial disturbances and specific flooding events within the Maritime Continent or other regions has not been definitively established. This is an important linkage to demonstrate, as accurate forecasting of a flooding events can significantly decrease its societal impacts^[@CR30]^. Currently, early warning systems in Indonesia rely on local real-time data sources: gauges and radar data. Such data combined with hydrologic models are valuable flood detection tools but have little potential for extended range forecasting: guidance which can provide critical lead-time to decision makers. Also, the data are sparse and often suffer from data gaps due to destroyed monitoring equipment.

In this study, we exploit the potential for predictability of floods in Sumatra based on their attribution to large-scale equatorially trapped meteorological phenomena. The study employs a synergistic methodology, utilizing flood data derived from governmental reports and crowd-sourcing (Twitter and local newspapers in Sumatra), as well as an analysis of meteorological data (local and large-scale precipitation and wind patterns). It is shown that a majority of floods in Sumatra are preceded by anomalous precipitation associated with CCKWs, which constitute the most important dynamical precursor for such events in the region. Therefore, weather services can leverage the predictability of floods by including tropical wave activity in their suite of operational weather forecast products.

Results {#Sec2}
=======

Flood data in Sumatra {#Sec3}
---------------------

Quantifying the relationship between eastward propagating organized convection and local hazards in Sumatra requires routinely available data about flooding events. Recently, the use of social media in detecting floods has shown promising results^[@CR31]--[@CR33]^ and could be used to fill these incomplete data gaps. This approach is resilient to extreme weather and, in fact, the quality of reports in both social and traditional media increases with the severity and adverse effects of a flood. Social-media based flood detection has been shown to be particularly useful in Indonesia^[@CR34]^, where over 75% of active internet users are using Twitter, a social media platform. Nearly 12% of the total Indonesian population was active on Twitter in 2012 with the largest global tweet/user ratio at 1,813.53^[@CR35]^. Information from local newspapers can also be mined and used to analyze the spatio-temporal distribution of floods. More importantly, the improved analysis of flooding acquired through social media provides a means to develop a direct correspondence between the flooding event itself and the larger-scale atmospheric phenomena from which it arise. It is this recognition which will lead to improved flood lead-time, both because these phenomena may be identified in advance of their passage and because of anticipated improvements in the numerically generated forecasted tracks and intensity. Therefore, in this study we establish the use of three independent datasets; two data bases that we developed for analyzing flood events based on Twitter messages and articles in local newspapers, and a third based on the Indonesian National Board for Disaster Management (BNPB) data. The data was grouped in space and time in order to allow a definite linkage between flood events and the large scale weather systems that set favorable flood conditions.

For the Twitter data base, all messages from the 2014--2018 period (hereafter tweets) referring to floods were processed with the TAGGS^[@CR34]^ algorithm to geoparse the data and isolate those messages originating in Sumatra. Data from over 100 geotagged individual locations were binned to increase the number of available data around locations characterized by large Twitter activity (Fig. [1](#Fig1){ref-type="fig"}). Binning has been performed within Sumatra's subregions, which match the borders of the island's administrative provinces, except for two provinces in the northern part of the island: Aceh and North Sumatra. Those two provinces span the island and have significant topography which parallels the coast (mountain ranges with elevation exceeding 2500 m). Therefore, both Aceh and North Sumatra were further divided, along the mountain range, into two parts: north and south (Fig. [1b](#Fig1){ref-type="fig"}). As a result, 10 regions within Sumatra were identified and tweets were binned accordingly (Fig. [1](#Fig1){ref-type="fig"}). Aggregation of all available data from within a region potentially decreased the spatial resolution of the dataset to the size of a province. However, this was required to establish a reliable sample size for flood identification. This trade-off is justified, as the weather systems (MJO, CCKW) analyzed in this study have spatial scales much larger than a province.

Flood onset and termination times were identified automatically using a surge in tweets, that is, extremes in tendencies of tweet number time-series. Floods which occurred within 3 days of one another were considered part of a single event, a limit imposed by the minimal re-occurrence time of a CCKW^[@CR36]^ and also close to the duration of the MJO precipitating phase affecting a single location^[@CR15]^. Flood events identified using this technique match the rapid increase in tweets at the beginning of a flood (red lines in Fig. [2a, b](#Fig2){ref-type="fig"} for West Sumatra region).Fig. 2Floods and meteorological conditions in West Sumatra in 2017.Time series of flood and meteorological conditions during 2017 in West Sumatra. **a** 3-hourly Twitter data (gray line) and 3-day running average of Twitter data (black line); colored bars indicate floods identified in Twitter (red), paper (blue) and Indonesian National Board for Disaster Management (BNPB) (magenta) databases in 2017, (**b**) daily precipitation accumulation \[mm\] averaged over West Sumatra region from TRMM (black line), averaged over rain-gauge locations only from TRMM (blue dashed line) and maximum value of the three rain-gauges (red line), (**c**) 5-day precipitation accumulation \[mm\] averaged over the West Sumatra region in 2017 and Madden Julian Oscillation (MJO) phase Real-time Multivariate Madden Julian Oscilation index (RMM) phases 2--5 for RMM amplitude above 1 only, see legend), (**d**) convectively coupled Kelvin wave (CCKW) precipitation rate anomaly \[mm/day\] averaged over the the West Sumatra region and the MJO phase (RMM phases 6--1 for RMM amplitude above 1 only, see legend). Thick black lines in **d** indicate the robust CCKWs defined as the waves with a well defined trajectory^[@CR20]^ at least between longitudes 80E and 110E. The yellow shading in all panels indicates major flooding periods for which identification from Twitter, Papers and BNPB agree.

Another source of crowd-sourced data---local papers---was analyzed to allow for cross validation with the Twitter database. These data should be considered more reliable than the Twitter data because newspaper reports are descriptive and include additional details and visual aids, such as photographs or links to videos showing conditions at a flood location. Therefore, they allow for the isolation of weather related floods. For consistency with the Twitter database, all individual papers' reports were binned within the Sumatra regions shown in Fig. [1c](#Fig1){ref-type="fig"}. The third dataset utilized in this study is BNPB's flood data base, which contains information on flooding events in Indonesia, including the Sumatra provinces. This dataset includes the start date of a flood alongside information about its adverse effects, such as number of people affected, damage to buildings and relief efforts. For consistency, both BNPB and the papers' data were subject to the same 3-day re-occurrence threshold as the Twitter data. Thus, if 2 or more floods occurred within 3 days of one another, they were treated as a single event.

Identification of flood events based on the three independent databases agrees for most of Sumatra's regions (Table [1](#Tab1){ref-type="table"}). Exceptions are the Aceh and Bengkulu regions, where Twitter substantially underestimates (by a factor of 3) the number of floods in comparison with both the papers' and BNPB databases, which agree with one another. On the other hand, in North Sumatra north and Lampung provinces, the number of floods identified in Twitter is larger (by a similar factor) than in other datasets. Interestingly, regardless of these differences, the seasonal cycle of floods (e.g., number of flood events during each season) is in agreement among all three databases. This indicates that biases in each dataset are random and independent of weather events or season. They likely result from factors such as regional variability of the population's internet access, the increasing popularity of internet-based over traditional media (newspapers), and growing interest in floods and in improving the quality of their monitoring by governmental agencies. Synergistic analysis of all three databases mitigates some of these issues and allows independent quantification of large scale meteorological factors leading to floods.Table 1Number of floods in Sumatra according to the three database.**RegionTwitterPapersBNPBTot**.**DJF** **+** **MAM** **+** **JJA** **+** **SONTot**.**DJF** **+** **MAM** **+** **JJA** **+** **SONTot**.**DJF** **+** **MAM** **+** **JJA** **+** **SON**Aceh north147 + 0 + 0 + 74316 + 8 + 6 + 134216 + 4 + 4 + 18Aceh south3811 + 5 + 5 + 175915 + 13 + 9 + 226915 + 17 + 12 + 25North Sumatra north7119 + 13 + 12 + 274913 + 12 + 4 + 205215 + 10 + 4 + 23North Sumatra south238 + 3 + 1 + 11318 + 9 + 1 + 13256 + 6 + 2 + 11Riau9228 + 19 + 12 + 335918 + 15 + 6 + 203713 + 8 + 2 + 14West Sumatra7226 + 17 + 12 + 177119 + 20 + 12 + 206813 + 22 + 13 + 20Jambi3017 + 6 + 1 + 63821 + 10 + 0 + 73518 + 9 + 3 + 5Bengkulu164 + 5 + 2 + 54612 + 14 + 10 + 10338 + 12 + 7 + 6South Sumatra4918 + 13 + 4 + 143814 + 13 + 3 + 85322 + 19 + 3 + 9Lampung8828 + 26 + 15 + 19196 + 7 + 0 + 63110 + 11 + 2 + 8Entire Sumatra493166 + 106 + 65 + 156453142 + 121 + 51 + 139445136 + 118 + 52 + 139The number of floods in 2014--2018 identified by tweets, the newspapers and Indonesian National Board for Disaster Management (BNPB) for ten Sumatra regions. Provided is total number (Tot.), as well as seasonal breakdown into boreal winter (DJF), spring (MAM), summer (JJA) and autumn (SON).

Floods in the West Sumatra region {#Sec4}
---------------------------------

West Sumatra is positioned at the equator, right along the track of the eastward propagating large scale envelopes of organized convection, at the center of multi-scale interactions. In 2014--2018 it had more floods than any other region (Table [1](#Tab1){ref-type="table"}). Fig. [2](#Fig2){ref-type="fig"} shows results of flood identification and attribution to weather events for this region, based on three datasets. For clarity we show only one year, but it is representative of all years included in our analysis (2014--2018). In most cases, floods based on Twitter, papers and BNPB data match very well. Interestingly, some floods reported in the papers and Twitter are absent from BNPB's dataset, whereas other events reported by BNPB are absent from the crowd sourcing data. Therefore, neither of those datasets can be considered a \"gold standard" and using various independent sources of floods provides, in this case, more comprehensive information.

Nine major floods in West Sumatra, defined as events that appeared in all 3 databases, (yellow shading in Fig. [2](#Fig2){ref-type="fig"}) were identified for this period. Seven of these floods occurred during apparent spikes in precipitation measured by the three rain gauges located near Padang, the capital of West Sumatra. Rainfall accumulation, as expected, played a large role in the development of floods (Fig. [2c](#Fig2){ref-type="fig"}), confirming that these were in fact weather driven events. Eight of the major flooding events were associated with 5-day precipitation accumulation exceeding 50 mm. In seven of these events, the accumulation rapidly increased during or right before an event. During three of the major events, 5-day precipitation accumulation exceeded 90 mm. However, there were periods of such extreme precipitation accumulation associated with the reports in only one of the databases (e.g., newspaper database only) or no flooding reports at all. The maximum rainfall accumulation often occurred during MJO phases 2 and 3 (Figs. [2c and d](#Fig2){ref-type="fig"}), that is before the large scale MJO convective envelope reached Sumatra. That suggests a significant contribution to rainfall accumulation from local, diurnal convection which reaches a maximum when the MJO is located in the Indian Ocean and clear skies over the Maritime Continent allow large-scale heating of the land and development of intense afternoon precipitation^[@CR15]^. Enhanced local precipitation can be also be related to higher frequency variability, such as CCKWs^[@CR22]^ that can develop or propagate ahead of the MJO active phase.

Local in-situ and region-wide average precipitation in West Sumatra was associated with enhanced activity of CCKWs (Fig. [2b--d](#Fig2){ref-type="fig"}). Rain-gauge measured precipitation shows spikes (Fig. [2b](#Fig2){ref-type="fig"}) which correlate well with an increase both in precipitation accumulation (Fig. [2c](#Fig2){ref-type="fig"}) and in CCKW activity (Fig. [2d](#Fig2){ref-type="fig"}). Furthermore, the variability of satellite based precipitation estimates corresponds to in-situ data, but the values are substantially underestimated. This is a known caveat of satellite based estimates of surface precipitation, especially over complex topography^[@CR37]^. On the other hand, frequent gaps in rain-gauge data (e.g., breaks in the red line in Fig. [2b](#Fig2){ref-type="fig"}) make them difficult to use for a long-term investigation of the variability of floods. Most of the 29 rain-gauge stations on Sumatra have 20--40% missing data during the 2014--2018 period of our analysis. Therefore, satellite based precipitation estimates are used in this study to evaluate regional precipitation, while keeping in mind that the local maxima may be underestimated.

CCKWs appear to have a strong influence on the timing of flooding events in West Sumatra. Six of the major events occurred during or immediately after a robust CCKW passage (Fig. [2d](#Fig2){ref-type="fig"}). We consider a CCKW robust if it has a precipitation anomaly of at least 2.5 mm/day and a well-defined equatorial trajectory^[@CR20]^ between 80E and 110E (see Methods for a definition of CCKW trajectory). Since these disturbances propagate at a speed of about 10 degrees of longitude per day, well defined trajectories at 80E indicate that CCKWs related to floods were initiated at least two days before their arrival on Sumatra. Four of the major floods were associated with significant CCKW events, defined by a precipitation anomaly exceeding 5 mm/day. It is worth noting that while some of these waves existed within the propagating envelope of a MJO event, others were not associated with the active phase of intraseasonal variability. While the MJO has been recognized as a dynamical precursor for enhanced precipitation in Indonesia^[@CR15],[@CR27]^, in West Sumatra, even during the MJO active phase (e.g., February--March 2017), a rapid increase in precipitation accumulation was associated with anomalous activity of CCKWs embedded in the MJO, as shown in both TRMM and rain-gauge data. On the other hand, a strong CCKW that developed outside of the MJO convective envelope (e.g., in September 2017) led to flooding, suggesting that CCKWs may play an important role in creating conditions favorable to enhanced precipitation and subsequent flooding, independently from other factors.

A case study of a major flood, which occurred near Padang (West Sumatra) on the 29 May--1 June 2017, is an example of an impact of eastward propagating convection on flooding conditions (Fig. [3](#Fig3){ref-type="fig"} and Fig. [4](#Fig4){ref-type="fig"}). This flood was widely recognized in both social media (more than 1500 tweets throughout the event) and in local newspapers (reports in 5 papers), as well as in the BNPB database. Rain-gauge data from Padang and its surroundings (3 stations total) show maximum daily rainfall accumulation of 34 mm (Fig. [2b](#Fig2){ref-type="fig"}). Although this is substantial, it is far smaller than on many other days during that year, the vast majority of which did not exhibit any flooding (Fig. [2a](#Fig2){ref-type="fig"}). This illustrates the often non-local character of precipitation contributing to floods, especially in a complex topography, near valleys and rivers. Thus, in such cases precipitation averaged over a larger area is a better metric, and hence another advantage of satellite based estimates such as TRMM.

Fig. 3Meteorological conditions during Padang flood on 31 May 2017.Map of meteorological conditions on 31 May 2017. **a** the daily precipitation rate \[mm/day\], (**b**) 5-day precipitation accumulation \[mm\] and (**c**) convectively coupled Kelvin wave precipitation anomaly \[mm/day\]. Superimposed are 850 mb anomalous wind vectors. Marker indicates the Padang flood location.

Preceding this flood, the MJO was active in the Indian Ocean (RMM phases 2 and 3). Although precipitation associated with this MJO envelope did not reach the MC, Sumatra was affected by a robust and strong CCKW (Fig. [4b--c](#Fig4){ref-type="fig"}) which had earlier passed through the MJO convective envelope. According to the CCKW trajectory data base, this wave originated over east Africa five days earlier and had a well-defined trajectory across the entire Indian Ocean.

This significant CCKW was associated with a precipitation anomaly exceeding 10 mm/day observed over Sumatra. Before May 31, enhanced precipitation was localized over the central and eastern Indian Ocean, resulting in a 5-day precipitation accumulation that exceeded 100 mm near Sumatra. (Fig. [3b](#Fig3){ref-type="fig"} and Fig. [4](#Fig4){ref-type="fig"}a). Unlike the MJO, in which the convectively active phase tends to damp local precipitation over land^[@CR38]^, the convectively active phase of CCKW right over Sumatra is associated with the increase of precipitation and its diurnal maximum^[@CR22]^. Therefore, anomalously heavy rain and 5-day accumulation of precipitation, which triggered flooding in Padang, was in this case primarily caused by the CCKW, likely enhanced by a favorable environment within the MJO envelope over the Indian Ocean. This event was also characterized by a strong low level westerly flow (Fig. [4c](#Fig4){ref-type="fig"}) that possibly enhanced local orographic precipitation. These anomalous westerlies were enhanced by Tropical Cyclone Mora, which formed on May 28th in the Bay of Bengal (88.5E, 14N) (<http://www.rsmcnewdelhi.imd.gov.in/images/pdf/archive/bulletins/2017/nmora.pdf>) and by cyclonic circulation that developed at 88E, 5S (Fig. [3](#Fig3){ref-type="fig"}) and was tracked by the Australian Bureau of Meteorology as low 31U. Such circulation is consistent with the structure of an equatorial Rossby wave^[@CR21]^ or \"cloud clusters"^[@CR17]^, which can be triggered by an MJO itself^[@CR18],[@CR39]^.Fig. 4Meteorological conditions during Padang flood period.Hovmoller diagrams of meteorological conditions for periods 17 May--6 June 2017. **a** The 3-hourly precipitation rate \[mm/day\], (**b**) 5-day precipitation accumulation \[mm\] (**c**) 850 mb zonal wind anomaly \[m/s\]. All data are averaged in the 5S--5N meridional band. Superimposed are convectively coupled Kelvin wave trajectories (black lines). Colored lines indicate floods identified using Twitter (red), Papers (blue) and Indonesian National Board for Disaster Management (magenta) databases. The position of Sumatra is marked with a black bar on the bottom of the panel.

Overall characteristics of Sumatra floods

When considered as a whole, floods on Sumatra often occur simultaneously across multiple regions. Since our objective is to relate floods to large scale meteorological conditions, we focus on flooding periods defined here by a continuous sequence of floods occurring anywhere on Sumatra. During the 2014--2018 period, there were 493, 453, and 445 flooding events in individual regions in Sumatra, as identified in the Twitter, papers and BNPB databases, respectively (Table [1](#Tab1){ref-type="table"}). Those events can be grouped into 254, 221, and 189 separate flooding periods affecting the entire island. The difference in the number of Sumatran floods reflects the random biases in the three datasets, as discussed before.

About 34--46% of the floods (depending on the database) occurred during the time when the amplitude of the MJO index was less than 1, that is, when there was no MJO signal observed (Fig. [5](#Fig5){ref-type="fig"}). However, about 50% of the floods that developed during an active MJO (for RMM amplitude larger than 1) occurred when the intraseasonal convection was away from the Maritime Continent (phases 6--1), which means that locally over Sumatra, the MJO related precipitation was suppressed. Only 28--34% of all flooding periods on Sumatra occurred during MJO conditions potentially favorable for enhanced precipitation (phases 2--5) over Indonesia. Since Sumatra is on the western edge of the Maritime Continent, the MJO location over the Indian Ocean (phase 2--3) is considered to be a better predictor of intense precipitation over the island than MJO phases 4--5. However, less than 23% of all flooding periods began when the MJO was active over the Indian Ocean (phases 2--3).Fig. 5Aggregate floods on Sumatra in meteorological context.Flood periods in Sumatra between 2014 and 2018 from the Twitter (**a**), papers (**b**) and Indonesian National Board for Disaster Management (**c**) databases. Data presented on the RMM phase diagrams representing Madden Julian Oscillation (MJO) strength and location at the beginning of a flood. Shading indicates the number of floods associated with any convectively coupled Kelvin wave (CCKW) and contours indicate number of floods initiated during a strong CCKW event (contour interval is one). Rare floods occurring without any CCKW activity are marked with yellow squares. The MJO is considered active on days when its amplitude is above 1 (outside the unit circle) and location of active convection is represented in the phase. Phases 2 and 3 represent active MJO over Indian Ocean, phases 4 and 5 over the Maritime Continent, phases 6 and 7 over the Western Pacific and phases 8 and 1 over the Western Hemisphere and Africa. Percents indicates number of floods which occurred during each phase of the MJO and during no MJO activity. Total number of flood periods is indicated in the title of each panel.

On the other hand, over 91% of flooding period onsets were associated with some CCKW activity at 90E with a precipitation anomaly exceeding 2.5 mm/day) and over 63% began during strong CCKWs (Fig. [5](#Fig5){ref-type="fig"}). The CCKW trajectory analysis, which is constrained to the equator, shows that 34% or more of flooding period onsets were associated with a robust trajectory. Therefore, it appears that CCKWs provide favorable conditions for flood development for the entire island. In fact, about 45% (66--79 out of 160 events) of robust CCKW trajectories were associated with flooding periods on Sumatra. This analysis also shows relative differences between databases. For example, unlike the BNPB database, Twitter and papers show a significant number of floods initiated during MJO active phases 3--5. On the other hand, for MJO amplitude of less than one (within the circle in Fig. [5](#Fig5){ref-type="fig"}), the distribution of flooding periods and their relation to CCKW activity is more consistent between BNPB and Twitter databases, while papers paint a slightly different picture. Therefore, comprehensive analysis of the three data sources provides more reliable information about floods and their relationship with large scale weather.

Discussion {#Sec5}
==========

Extreme tropical precipitation and the flooding that results from it are associated with various modes of atmospheric variability. The island of Sumatra, where in 2017 rainfall related events accounted for more than 50% of natural disasters, is characterized by extremely high average precipitation accumulation (Fig. [1a](#Fig1){ref-type="fig"}). Rainfall on Sumatra is dominated by a strong diurnal cycle of convection^[@CR13]^, which develops over steep topography^[@CR27],[@CR40]^ and its interaction with large scale equatorial disturbances. In this study we have shown that one class of these modes---convectively coupled Kelvin waves---constitutes a critical dynamical predictor for Sumatran flood onsets. We also demonstrated the usefulness of social media-based methods of flood detection in supplementing other information about flood occurrences and in increasing the reliability of the attribution of floods to meteorological phenomena.

The study is based on a synergistic methodology employing multi-year analysis of meteorological data (precipitation, surface winds) and three independent datasets of floods, in order to consistently analyze spatio-temporal variability in flooding events and the environmental conditions leading to them. Two flood databases were derived from crowd-sourcing: Twitter and local newspapers. Tweets related to floods were identified using keywords, geoparsed to select messages, which originated in Sumatra and binned within Sumatra's sub-regions. Similar binning was performed on the data from local papers. Additionally, the database from the Indonesian agency BNPB was used. All three datasets were independently analyzed. While not all floods are identified in every database, the results obtained from our analyses agree for all key elements of this study, providing confidence in our findings. Indonesia, due to the large number and strong activity of Twitter users, is perfect for such a study, but this approach can be utilized in other regions having sufficiently high activity of social media users. The increasing popularity of various social media platforms should allow future studies which focus on longer periods of time, as well as on other meteorological phenomena, worldwide (Fig. [6](#Fig6){ref-type="fig"}).Fig. 6Attribution of flood events in Sumatra.Data presented as scaled Venn diagram. Total area of the blue circle represents 63.1% of floods associated with above-average seasonal precipitation. Total area of the green circle represents 27.6% floods associated with favorable Madden Julian Oscillation (MJO) conditions MJO in phases 2--5). Total area of the red circle represents 95.8% floods associated with convectively coupled Kelvin wave (CCKW) activity (precipitation anomaly above 2.5 mm/day), while hatching indicates strong CCKWs (precipitation anomaly above 5 mm/day). Numbers indicate percentage of floods in respective categories. Numbers in boxes represent strong CCKWs. The magenta circle represents 1.4% of all floods, which were not attributed to either category considered. The diagram is based on Twitter database.

shows the attribution of flooding to various modes of variability on Sumatra. Seasonal variability in precipitation and flood occurrence (Table [1](#Tab1){ref-type="table"}) is associated with monsoonal flow. Namely, regions in the northern part of the island most frequently suffer from floods during boreal fall and winter, whereas regions in the southern part are mostly affected during boreal winter and spring. Flooding in the central part of Sumatra occurs most frequently during fall and spring. No region in Sumatra exhibits maximum flood intensity during boreal summer. This seasonal variability in flood frequency is well explained by the annual progression of the Inter-Tropical Convergence Zone. Such climatological analysis provides some information about the probability of flood occurrence, but does not prove useful in short to mid-range flood forecasting.

On a synoptic time scale, the amount of rainfall over the island is variable as well and strongly modulated by eastward propagating modes of organized convection: the MJO^[@CR15]^ and CCKWs^[@CR22]^, both of which affect the local diurnal cycle through multi-scale processes. Although our results recognize some importance of the MJO as indicated by previous studies^[@CR23],[@CR25]^, we find that only about 28% of floods in Sumatra were immediately preceded by favorable MJO conditions and all of those events, similarly to the Padang flood discussed in this paper, were in fact triggered by CCKWs embedded within the envelope of enhanced MJO convection (Fig. [6](#Fig6){ref-type="fig"}).

Comprehensive analysis shows that about 45% of robust CCKW events, which propagated between 80E and 110E, were associated with floods in Sumatra. From a different perspective, about 60% of floods in Sumatra were immediately preceded by a robust CCKW event. This percentage is substantially higher than flooding events associated with favorable MJO conditions, indicating stronger interaction of local convection with CCKWs. Based on that analysis, nearly half of Sumatran flooding periods had a well-defined dynamical precursor at least two days before flood onset, a fact that can be utilized to improve warning lead times.

Our estimates of the role of CCKWs in triggering floods are conservative. We believe that the impact of CCKWs may be even larger than what is shown in this paper. One reason is that the CCKW trajectories used in this investigation are confined to the equator, while in reality Kelvin waves propagate along the \"dynamical equator\", defined by zero ambient absolute vorticity which may be displaced from the geographic equator. Therefore our scheme may be missing some of the off-equatorial Kelvin waves and their impact on floods. Thus, the obtained results constitute a lower boundary estimate of the influence of CCKWs on floods on Sumatra. In addition, we considered the influence of CCKWs on flood initiation only, and not on the enhancement of precipitation once the flood is already detected. That could also contribute to an under-estimation of CCKW impact.

Although the period investigated in this study (2014--2018) is relatively short, the remarkable agreement between the three independent databases demonstrates the robustness of its key findings. In the future, the volume of crowd-sourced data, efficient data mining and processing methods should allow for better parameters for flood detection, taking into account regionally specific characteristics of social media users.

While the focus of this paper is on the role of Kelvin waves, in future work the interaction between various equatorial modes should also be considered. For example, the interaction of Kelvin waves with off-equatorial vortices (shown in the case study for 31 May 2017 discussed in this paper) could be an important factor in creating strong cross-barrier westerlies which interact with the island orography. In fact in some flow regimes, vortices could be triggered by the Sumatran topography^[@CR41]^. Equatorial Rossby waves can also originate within region of active intraseasonal convection^[@CR18],[@CR39]^, and intense vortices can be generated by the Kelvin wave itself^[@CR42]^. In either case, equatorial westerlies are enhanced.

A thorough understanding of the role of the MJO and other equatorial modes in Sumatran floods creates the opportunity for better prediction. Recent advancements in modeling^[@CR43],[@CR44]^ have contributed to increased forecast skill on subseasonal time scales. The prediction of CCKWs is still challenging, but improvements in convective parameterizations have led to more skillful forecasts^[@CR45]^.

Since CCKWs provide additional predictability in the short term (currently 3--5 days), both the MJO and CCKWs can be leveraged to improve forecasting of flooding events in Sumatra and potentially in other parts of the Maritime Continent. Given Sumatra's extreme conditions which impacts the vulnerability of its inhabitants, such predictability should be exploited in order to mitigate the socioeconomic costs of floods.

Methods {#Sec05}
=======

Twitter processing {#Sec6}
------------------

All tweets for the 2014--2018 period referring to floods (Indonesian: \"banjir\") were identified. These messages were geoparsed using the TAGGS algorithm^[@CR34]^ to allow for identification of data originating in Sumatra. Although tweet metadata can explicitly include geographical location, most users choose not to share these data. The TAGGS algorithm allows geoparsing based on other metadata, such as the user's nationality and home town, as well as direct referrals to specific locations (e.g., name of the province or city) in the message itself. Although this method is an estimation and may result in parsing a message to an inaccurate location, this study relies on a large number of tweets for identification of each flood event. Using a large quantity of data, rather than single tweets, minimizes random noise due to the potentially inaccurate geoparsing of some messages. All Twitter data for Sumatra were then binned and processed. Regional data were binned to a 3-hourly temporal grid (e.g., gray line in Fig. [2a](#Fig2){ref-type="fig"}) and flooding events were identified based on a surge in tweet numbers. To exclude high frequency noise, the time series were low-pass filtered with a 3-day running average (black line in Fig. [2a](#Fig2){ref-type="fig"}) and local extrema were identified. A local maximum associated with a number of tweets above a certain, region-specific threshold was considered the start of a flood. If such maximums occurred within three days of one another, they were considered part of a single event. The first local minimum following the last maximum in a sequence was considered the end of an event. The threshold (noise) level was calculated for each region independently, based on overall Twitter activity within that region. This was determined by the 85th percentile of 30-day low-pass filtered Twitter activity distribution. Such a definition allows for region-specific determination of adequate noise level based on overall Twitter activity and satisfies criteria that floods are rather rare, rapid and extreme events.

Meteorological data {#Sec7}
-------------------

The meteorological data used in this study include precipitation estimates from Tropical Rainfall Measuring Mission (TRMM) and Global Precipitation Measurement (GPM) satellite missions and their derivatives, rain gauge data from Sumatra, 850mb zonal winds from ECMWF's ERA5 reanalysis and state of intraseasonal variability as assessed by Realtime Multivariate MJO index (RMM)^[@CR46]^. This index provides information about the strength and location of intraseasonal convection associated with the MJO, referred to as amplitude and phase, respectively. If the amplitude exceeds 1, the MJO is considered active in a given phase. Phases 2 and 3 indicate intraseasonal convection located over the Indian Ocean and phases 4 and 5 indicate its position over the Maritime Continent.

The precipitation estimates used in this study come from a gridded 3B42v7 product (TRMM (TMPA) Rainfall Estimate L3 3-hour 0.25 Degree × 0.25 Degree V7, DOI:http://dx.doi.org/10.5067/TRMM/TMPA/3H/7)^[@CR47]^, which utilizes both TRMM and GPM measurements. It provides 3-hourly maps on a 0.25^∘ ^× 0.25^∘^ grid. The 5-day precipitation accumulation was calculated on the same grid. In addition, in-situ rain gauge data from three available stations near Padang, West Sumatra, were used (one meteorological station, one climatological station and one geophysical station). The data was obtained from an online database developed by the Agency for Meteorology, Climatology and Geophysics of the Republic of Indonesia (BMKG) <http://dataonline.bmkg.go.id/>(accessed: 09/23/2019). Apart from the operational quality control of the rain gauge data applied by BMKG, no additional quality control was applied.

Precipitation anomalies associated with CCKWs were calculated using Fourier space wavenumber-frequency filtering^[@CR48]^. In addition, CCKW trajectories were calculated based on filtered precipitation anomalies within the equatorial band (2.5S--2.5N)^[@CR20]^.The method tracks anomalies that are continuous in space and time locally exceeding a threshold value of 2.5 mm/day.

Seasonal precipitation over Sumatra has been calculated based on an area-averaged 5-day precipitation accumulation estimate from TRMM3B42v7. A 90-day running average low pass filter was applied to the time series to extract the seasonal cycle of precipitation. On days when the index exceeded its 5-year-mean value, seasonal conditions were considered favorable for flooding.

It should be noted that over steep orography, the TRMM3B42v7 product tends to underestimate the precipitation rate^[@CR37]^. Therefore, the precipitation accumulation and CCKW anomaly over the islands, especially over the mountains near the west coast of Sumatra, should be considered a lower boundary estimate.

The ERA5 hourly zonal winds at 850 mb^[@CR49]^ were averaged to 3-hourly to match the resolution of the TRMM data. They are presented as anomalies with the seasonal cycle removed. The seasonal cycle was derived by fitting the first three annual harmonics to a multiyear (2000-2018) average annual cycle.

Consistency between flood databases and meteorological data in regional analysis was achieved by averaging meteorological data (precipitation accumulation and CCKW precipitation anomaly) over respective regions. Additionally, for CCKW trajectory analysis, the base point was chosen at 90 East over the eastern Indian Ocean. Over the Indian Ocean, the CCKWs tend to move eastward along the equator. They arrive on Sumatra about one day later. CCKW trajectories provide constraints on the onset and decay of the location of a particular event. In this study, robust CCKW trajectories are identified if they are continuous between 80E and 110E, which means that they were initiated at least 2 days before approaching Sumatra and being propagated across the island.
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